Differential gene expression (DGE) studies often suffer from poor interpretability of their primary results, i.e., thousands of differentially expressed genes. This has led to the introduction of gene set analysis (GSA) methods that aim at identifying interpretable global effects by grouping genes into sets of common context, such as, molecular pathways, biological function or tissue localization. In practice, GSA often results in hundreds of differentially regulated gene sets. Similar to the genes they contain, gene sets are often regulated in a correlative fashion because they share many of their genes or they describe related processes. Using these kind of neighborhood information to construct networks of gene sets allows to identify highly connected sub-networks as well as poorly connected islands or singletons. We show here how topological information and other network features can be used to filter and prioritize gene sets in routine DGE studies. Community detection in combination with automatic labeling and the network representation of gene set clusters further constitute an appealing and intuitive visualization of GSA results. The RICHNET workflow described here does not require human intervention and can thus be conveniently incorporated in automated analysis pipelines.
Introduction
Interpretation of whole-transcriptome differential expression studies is often difficult because the sheer volume of the differentially expressed genes (DEGs) can be overwhelming. It is common place in designed experiments with more than just a marginal biological effect to find several thousands of differentially expressed genes (DEGs). One way to handle the vast numbers and to identify the biological consequences of gene expression changes is to associate them with overarching processes involving a whole set of genes, such as GO terms or KEGG pathways.
Curated genesets have been designed or discovered for a wide range of common contexts, such as, a biological process, molecular pathway, or tissue localization 1, 2 . They have been introduced in the past not only to reduce complexity and to improve interpretability but also to increase statistical power by reducing the number of performed tests. As it turns out, this often results in finding hundreds of differentially regulated pathways 1 .
As with co-expressed genes, many of the pathways exhibit strong mutual correlation because they contain a large proportion of shared genes which is in turn a result of the fact that many of them describe closely related aspects of an overarching biological theme. Therefore, to further increase interpretability of differential geneset regulation and to capture the global change of a biological phenotype, it would be desirable to identify possibly existing umbrella organizations among genesets.
Networks are ideal to model dependencies, interactions, and similarities among individuals [3] [4] [5] , be it people, computers, genes, or genesets. The degree of connectivity between them can have an influence on information flow and defines communities or cliques, i.e., clusters of highly connected nodes within and infrequent connections between them.
In order to construct a geneset network, a similarity measure is required and can be defined as the fraction of common genes, also called the Jaccard index 6 . Other ways to measure similarity among genesets include, for instance, coexpression strength as implemented in WGCNA 7, 8 . Community detection based on network topology is a standard problem in the analysis of social networks 9, 10 . Well-established algorithms allow for computationally efficient clustering of genesets and can be used to identify highly connected sub-networks. There is no unique or optimal method available but many options exist. Popular methods to define clusters include the edge-betweenness criterion, the Infomap or the Louvain algorithm (igraph), as well as hierarchical or kmeans clustering.
Once geneset clusters are defined they can be characterized by their size and connectivity and thus prioritized and ranked. In particular, the clusters can be categorized as singletons, doublets, medium and large or dense and loose clusters.
Network analysis not only allows for detection of clusters and performance of measurements on them, networks are also straightforward and appealing visualizations of similarities among genesets. There are a couple of interactive visualization software tools available, of which Cytoscape is probably the most popular 11 . In some cases interactivity is useful but the emphasis here is to provide some of Cytoscape's features without any human intervention for easy integration into automatic analysis pipelines. For instance, automatic labeling of communities using the n most frequent terms was adopted here, similar as in Kucera et al. 12 .
The purpose of this step-by-step workflow is to provide a fully automated and reproducible procedure for downstream analysis and visualization of differential geneset analysis results in R 13 . The focus is on supporting scientists in result interpretation by bringing order into the list of differentially regulated genesets based on biological rather than pure statistical arguments. The workflow is suitable for any kind of geneset library including new or custom sets and any kind of geneset analysis method.
Starting with differential expression analysis of a model dataset, geneset analysis is performed based on the MSigDB library. A geneset network is constructed to identify isolated genesets (singletons) and geneset pairs (doublets). Larger connected sub-networks are then split into smaller clusters of closely related genesets describing similar processes. The effect of each modification step on the network topology is visually documented in Figure 1-Figure 4 . Using the most frequently occurring terms in the geneset names of a cluster, an attempt to automatically assign cluster labels is made. Finally, all labeled clusters of genesets are plotted to provide a one page overview of the results. 1 The terms geneset and pathway are used interchangeably throughout this document and refer to a set of genes.
Preparations
The packages required for this workflow provide plotting functions (ggplot2 and relatives), network functions igraph 14 , and org.Hs.eg.db. lby = c("RColorBrewer", "ggplot2", "gplots", "cowplot", "ggrepel", "reshape2", "knitr", "kableExtra", "igraph", "GGally", "DESeq2", "limma", "org.Hs.eg.db", "wordcloud", "tm", "SnowballC") tmp = lapply(lby, require, character.only=T, warn.conflicts=F, quietly=T)
In addition to and often based on igraph, several R packages for network visualization are available and described in the form of tutorials 17, 18 .
Example data
We are using the popular airway data set 19 and perform a simple differential expression analysis.
library(airway) data(airway) dds = DESeqDataSetFromMatrix(countData = assay(airway), colData = colData(airway), design = ~ cell + dex) dds$dex = relevel(dds$dex, "untrt") dds = DESeq(dds, betaPrior = T) res = results(dds, contrast = c("dex", "trt", "untrt"))
Mapping Ensembl IDs to ENTREZ IDs
We are using the popular org.Hs.eg.db package based on the UCSC annotation database and keep only genes with a unique mapping.
res$entrezgene = unname(mapIds(org.Hs.eg.db, keys = rownames(res), column = "ENTREZID", keytype = "ENSEMBL")) res = subset(res, subset = !is.na(res$entrezgene) & !is.na(res$stat)) res = res[-which(duplicated(res$entrezgene)), ]
Gene set enrichment analyis We are using the popular KEGG, Reactome, and Biocarta pathways from the MSigDB gene set library C2. The following chunk guarantees that the gene set library list object is called gset. Competitive gene set enrichment analysis is performed using the function camera() from the limma package. We include uni-directional and bi-directional enrichment by using both the test statistics ("up" or "down") and its modulus ("mixed") for gene set testing. We limit the following network analysis to gene sets with a FDR < 0.05. Starting from 1077 gene sets, 264 are found to be differentially regulated. Many of them are expected to describe similar processes and to be highly correlated.
Network construction
We construct a gene set network based on the proportion of common genes as the inverse distance measure. The nodes are gene sets which are connected by edges if the Jaccard index
Number of common genes
Number of all genes J = is larger than a preset threshold, J > 0.2. While this threshold is somewhat arbitrary it has proven to be a reasonable one in many projects. Nevertheless, it is strongly recommended to investigate its effect on the quality of the results. The Jaccard matrix, or adjacency matrix, can be conveniently used to construct a network object using the function igraph::graph_from_adjacency_matrix(). In this example geneset, similarity is measured using all member genes irrespective of whether they were detected and present in the data. Alternatively, one could include only genes present in the data depending on whether the current data seem more relevant and trustworthy or the prior information given by the geneset definition. Graphical display is achieved here using ggnet::ggnet2() (Figure 1 
Network modifications
In the following, components of the network for which network analysis does not improve interpretability are identified and put to aside. This includes singletons, i.e., genesets not connected to any other geneset, and doublets, also termed binary systems or dumbbells, i.e., pairs of genesets connected with each other but isolated from the rest. In total, 49 singletons were identified and excluded from further analysis ( Table 1) . It is important to note that these genesets, while down-prioritized for the time being, may still be worthwhile investigating later. Figure 2. Gene set network with singletons removed. The color scheme is the same as above. The node size corresponds to the number of genes in a set.
Identify binary systems (2 sets)
Next we also want to separate clusters with less than 3 gene sets. To do so, we separate disjoint subnets as individual objects, count their members, and delete all vertices belonging to clusters of size smaller than 3.
clu.lt3] cludp = data.frame(name = names(cludp), id = as.numeric(cludp)) tab = merge(tab,cludp) tab$name = gsub("_", " ", tab$name) tab = kable(tab[order(tab$id), c("id", "name", "NGenes", "Direction", "FDR")], row.names=F, format = "latex", caption = "List of binary clusters as indicated by the id column.") kable_styling(tab, latex_options = "scale_down", font_size = 8)
In Table 2 , consecutively listed gene sets with the same id belong to the same binary cluster. Often these are gene sets from different libraries describing the same biological process or phenotype. In total, 16 binary clusters were identified, for which network analysis would not be useful. Without singletons and binary clusters, we are left with larger disjoint subnets (Figure 3 ).
Detect communities (sub-networks)
The larger disjoint clusters may consist of so-called communities, i.e., sub-networks of highly inter-connected nodes that stick together by only one or a few edges. We are using the popular edge betweenness property to identify these community-connecting edges and remove them in order to split large clusters into smaller ones. 
Automatic annotation of gene set clusters
In analogy to the popular interactive network visualization tool cytoscape 12 , we attempt to generate automatic labels for gene set clusters. Gene set names are split into individual words and counted within each cluster. The four most frequent terms occurring at least twice are used as labels. The function clust_head() is defined for this purpose and contains an exclusion list of words not used.
t.rW = c("cell", "process", "regulation", "negative", "positive", "signaling", "response", "stimulus", "signal", "activity", "protein", "involved", "component", "level", "effector", "event", "projection", "organismal", "cellular", "modification", "pathway", "mediated", "dependent", "organization", "group", "target", "biocarta", "kegg", "reactome") clust_head = function(x){ txt = unlist(strsplit( 
Lattice of annotated networks
There are many possibilities to visualize geneset clusters and often a compromise between information content and crowding has to be found. Here, we are producing a lattice of network plots, one for each sub-net, with the automatic annotation as title ( Figure 5 ). We begin by generating the cluster titles using the clust_head() function followed by cleaning up and ordering by cluster size. Then we generate a list of ggplot objects, one for each cluster or sub-net. For smaller sub-nets, the nodes are labelled with the first 4 words of their names; the first word was removed before as it is usually the name of the geneset library. For larger sub-nets, this is not feasible without overprinting. Titles are missing if none of the words from the geneset names occurred more than once. 
Discussion
We have presented an automated workflow based on a small number of R packages for prioritization and visualization of gene set analysis results using networks, which we call RICHNET. We demonstrated how community detection facilitates categorization of differentially regulated gene sets into singletons and clusters of different size ranges. Automated label generation allowed to associate these clusters with biological themes or processes of which the member gene sets are part of.
The RICHNET workflow could be altered or extended quite naturally in a number of ways but the version presented here is the one we typically apply in our research service projects. One advantage over other approaches is that it does not depend on a particular geneset library. Specific hierarchically constructed genesets, such as GO terms, would offer a straightforward way to arrive at a more global process description using higher levels in their tree structure. A second advantage is that it does not depend on the existence of a good quality gene or protein interaction network for the particular organism or disease state which is often not feasible. Only very few genesets are network-based (e.g. KEGG pathways) and would thus offer a straight-forward way to use an a priori network topology. Thirdly, similar as in reference 8, a geneset similarity network could be constructed in the form of a co-enrichment network from GSVA enrichment scores 20 using weighted co-expression network analysis (WGCNA) 7 . However, this approach relies on a relatively large sample size whereas the sample size requirement of RICHNET is not more than the GSA it relies on.
As an alternative to the networks of genesets described here, networks of genes could be created in a reciprocal way. The underlying similarity metric between genes could be defined as the proportion of common genesets among all genesets they are part of. This approach would be equivalent to a STRING-DB network with "databases" as the only interaction allowed 21 .
One possible future extension of the RICHNET workflow could be the introduction of a consensus similarity metric from multiple initial networks and different community detection or cluster algorithms to improve stability against noise. A second avenue forward could be the introduction of interactive graphics in 2D or 3D 17 to allow moving, pulling, rotation or zoom and display of node specific or edge specific information.
Some may argue in favor of encapsulating the RICHNET workflow in an R or Bioconductor package. However, it is our strong believe that for the sake of transparency and given the straightforward nature of the code it serves better to publish it openly. This way we encourage the users to adapt it to their specific requirements, to improve and expand on it.
Data availability
The data used in this workflow is included in the airway R-package 19 .
Software availability
The R markdown file for this workflow is available at: https://doi.org/10.5281/zenodo.2539163 13 .
License: Creative Commons CC BY license.
Packages used
This workflow depends on various packages from version 3.7 of the Bioconductor project, running on R version 3.5.0 or higher. A complete list of the packages used for this workflow is shown below: et al. provides much more information in its visualization including the size of the gene set (via the size of the node); the level of enrichment of the gene sets (via a color gradient from blue for down-to red for up-regulation); as well as the extent of overlap between gene sets (via the thickness of the edge connecting gene sets using the Jaccard index as a weight). Even considering the manuscript independent of this issue, there are a number of other concerns with the study (some minor but some more major) that require attention from the author and a major revision of the manuscript. They are listed more or less in the order that the issue appears in the manuscript.
The author claims that gene set analysis "often results in finding hundreds of differentially regulated pathways". What is the basis for this claim? While it is true that this may occur -it is also true that there may also be no statistically significantly differentially regulated pathways. Has he done experiments on a large number of benchmark data sets to establish this claim of "often"? Moreover, this may be a result of the particular gene set collection used for the analysis. Is it a function of the particular data set or enrichment approach he is using (CAMERA)? We note here that the author never describes the measure CAMERA uses for enrichment nor how up/down is determined. All these open issues should be addressed.
The use of "umbrella" organization is somewhat unclear -do you mean hierarchy? Note also the need for a hierarchy of the significantly activated or repressed pathways may result from the author's choice of gene set collection, which may not provide a significant or specific enough result. This point should be addressed.
The author provides little explanation for the arbitrary choice of Jaccard Index > 0.2 as the connectivity threshold. Additionally, as the edges in the networks produced by this method do not represent any other kind of continuous data, has the author considered weighting the edges by the Jaccard index in the visualization to allow the user to see the effect of various thresholds? In fact, Enrichment Map (cited above) uses the Jaccard Index itself to determine the weight of the line connecting two overlapping gene sets. These approaches need to be compared and the choice of threshold better explained and justified.
Prioritizing and ranking the active pathways/gene sets by number of gene sets in a network hub 4.
5.
6.
7.
8.
9.
10.
Prioritizing and ranking the active pathways/gene sets by number of gene sets in a network hub and degree of connectivity seems inadequate if one is looking for biological insights. A biological measure of prioritization would be preferable which includes the levels of activation. Often a study is not done in a vacuum and so in fact some signals may be expected -this may serve as an additional measure for prioritization and even validation of the method. This issue is not addressed and should be and some validation of the results of the only test set analysed should be supplied.
It is important to include and describe the numerous network-based enrichment methods that have been published and specifically Enrichment Map (cited above) which is a plugin to both Cytoscape and GSEA and does exactly what the author is describing (downstream analysis of gene set enrichment results) but is never mentioned or referenced. At the very least its performance should be compared to the author's method. This is a requisite for any newly proposed method.
The goal of this method is to "focus is on supporting scientists in result interpretation by bringing order into the list of differentially regulated gene sets based on biological rather than pure statistical arguments." But one might ask why do this based on network measures of association and the visualization is very sparse in what it represents as noted above. Also, if this is the goal -it is incumbent on the author to show why this works better than other existing methods (see above) or even using a more sensitive/specific collection of gene sets, e.g., the Hallmark collection in MSigDB (Liberzon , 2015 ) . This provides a collection of sets for which essentially this work et al. has been done with additional biological curation. Comparison with other methods and with the use of other gene set collections should be included.
The author's example on the "airway" data set employs an analysis with KEGG, Reactome, and BioCarta. Using these 3 databases together means there will be a large amount of redundancy and overlap in the gene sets he uses -again it would be important to compare his results using these collections against the Hallmark collection. Furthermore -why just the results from one data set?
The method would be better tested against multiple data sets -some where the signal is very strong and some where the signal is weaker.
The author uses the CAMERA method for testing gene sets. This method produces only a binary "Up" or "Down" measurement of enrichment which is used to color the nodes in the resulting network visualizations. This is a very coarse way of testing gene sets. The interpretability of the network visualizations could be improved by using a method such as GSEA, which gives a continuous enrichment score, and coloring the nodes with a gradient to compare degrees of up-or down-regulation and weighting the edges as is done in Enrichment map as noted above.
Finally -after application of RICHNET the author only describes and discusses the nature of his resulting networks. There is no discussion that we could see of the biological insights gained, how realistic they were, whether they recapitulated known signals in the data set, etc.
Technical concerns with the code as presented: The analysis fails with an unintuitive error ("could not coerce net to a network object") if the library "Intergraph" is not installed. While this library is listed in the sessionInfo() printout in the manuscript, this library should be included in the first library() cell of the notebook since its absence is not immediately obvious given this error. We have read this submission. We believe that we have an appropriate level of expertise to confirm that it is of an acceptable scientific standard, however we have significant reservations, as outlined above. 
Summary
This workflow paper proposes an interesting approach for prioritizing gene sets in gene set analysis by utilizing network-based algorithms. The author presented a supposedly working code that is reproducible. They proposed focusing on communities of gene sets in order to identify gene sets that are more relevant to the conditions under study. Nonetheless, they show how to explore singletons and binary systems in the list of significant gene sets. Moreover, natural language processing methods were used to annotate the clusters of gene sets. I found this particular extension very useful to summarize gene sets analysis results. However, I didn't get that far in running the code. Please see my comments below for improvements. 
Major comments
Add code to install pre-requisite packages. In my case I had to run the following command to obtain missing packages: install.packages(c("cowplot", "ggrepel", "kableExtra", "igraph", "GGally", "wordcloud", "tm", "SnowballC")) Add code to install the airway experiment package BiocManager::install("airway", version = "3.8") I managed to reproduce the analysis up to the point of generating the first network. First, it was required to install the c("network", "sna", "scales") packages, which was not explained in the text. Then, error raised while invoking ggnet2:
Error in ggnet2(net, size = 2, color = "Direction", palette = palette, : could not coerce net to a network object 1.
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